An inverse problem for the characterization of dynamic material model parameters from a single SHPB test  by Hernandez, C. et al.
Available online at www.sciencedirect.com
doi:10.1016/j.proeng.2011.04.268
ICM11 
An inverse problem for the characterization of dynamic 
material model parameters from a single SHPB test 
C. Hernandeza, A. Maranona*, I.A. Ashcroftb, J.P. Casas-Rodrigueza 
aMechanical Engineering Department, Universidad de los Andes, Bogota, Colombia 
bWolfson School of Mechanical and Manufacturing Engineering, Loughborough University, LE11 3TU, UK 
 
Abstract 
Dynamic characterization of materials is a complex process that usually requires expensive experimental tests. One of 
the most used experimental techniques for dynamic characterization of materials is the Split Hopkinson Pressure Bar 
test (SHPB). This technique allows to identify the stress-strain relationship of materials under high strain rates by 
subjecting the testing material to pulse stresses. This paper presents the formulation and solution of a first class 
inverse problem for the determination of the Cowper-Symonds material model parameters from a single SHPB test. 
The inverse problem is formulated as an optimization procedure in which a genetic algorithm determines the optimal 
set of material constants. The proposed characterization procedure shows advantages in the characterization process 
of dynamic events since the material constants are determined simultaneously and using a single SHPB test. 
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1. Introduction 
During recent years, there has been a considerable interest in the dynamic characterization of materials 
for the numerical simulation of high strain rate phenomena. Several experimental techniques are currently 
used for the estimation of material properties at high strain rates [1]. Among these, the Split Hopkinson 
Pressure Bar (SHPB) is one of the most extensively dynamic test used because it can deliver high strain 
data in simple and direct manner [2]. This technique has been used by many authors to determine the 
dynamic material properties of diverse materials [3-5], such as aluminum alloys [6-7]. Even though the 
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characterization of these materials has been successful, they usually require several experimental test to 
identify the material model. This paper presents the formulation and solution of a first class inverse 
problem [8] for the determination of the Cowper-Symonds material model parameters of aluminum alloy 
5083 from a single Split Hopkinson Pressure Bar (SHPB) test.  
2. Preliminary concepts 
2.1. Split Hopkinson pressure bar test 
This technique allows to determine the dynamic response of materials by subjecting the specimen to pulse 
stress [9]. A typical SHPB setup is outlined in Figure 1 (left). The test consists of two long bars and a 
short specimen placed between them. A compressive stress wave is propagated from the free end of the 
input bar when it is impacted by the striker. When the wave reaches the specimen, part of the stress wave 
is reflected and part is transmitted through the specimen. The stress waves are captured in both bars, as 
strain measurements to characterize the behavior the stress-strain relation of the material at a given strain 
rate. A typical strain history captured on the bars is shown in Figure 1(right). 
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Figure 1. Split Hopkinson Pressure Bar setup (left).  Typical strain history captured on SHPB test  (right). 
2.2. Cowper-Symonds material model  
The selected strength model used to describe the behavior of the aluminum alloy is the Cowper-
Symonds material model [10]. This is a simple elasto-plastic strain rate hardening model which scales the 
yield stress (ıy) by a strain rate dependent factor, as shown in equation (1). Where ı0 is the initial yield 
stress, ߝሶ  is the strain rate, and C and P are the Cowper-Symonds strain rate parameters. This material 
model is often used to describe aluminum alloys [7].  
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3. Formulation of the material characterization as an inverse problem  
Numerically, material characterization can be formulated as an inverse problem. Consider the transmitted 
strain signal captured on the output bar during a SHPB test at known impact velocity (v0). The test 
configuration parameters, such as specimen length (Ls) and diameter (Ds), bars length (Lb) and diameter 
(Db), are known. Let s0(v0, Ls, Ds, Lb, Db ) stands for the vector of elastic strains captured over time on the 
transmitted bar. Now, consider a finite element model representation of the SHPB test using the same test 
configuration parameters (v0, Ls, Ds, Lb, Db). The specimen material has an unknown set of material 
constants given by z. 
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Let s(z, v0, Ls, Ds, Lb, Db) stands for the vector of elastic strains computed over time on the numerically 
simulated transmitted bar. The material characterization inverse problem can be formulated as follows: 
Given s0(v0, Ls, Ds, Lb, Db ) the elastic strains captured over time on the output bar during a SHPB test, 
find z=[ı0, Etan, C, P] the optimal set of material parameters for the Cowper-Symonds material model. 
The optimal set of constants is found when the error function proposed in equation (3) is minimum. 
       0 s s b b 0 s s b bv , L ,D ,L ,D ,v ,L ,D ,L ,DI  0z s s z   (3) 
Where ԡÂԡ is the Euclidian norm of the vector. This error function is very complex i.e. it has many 
local minima, which are not well suited to gradient-based optimization techniques. For this reason, a 
derivative-free optimization process, based on genetic algorithms is used. The genetic algorithm 
formulation is explained in section 4.3. 
4. Methodology 
The material characterization procedure is divided into four basic steps, as shown in Figure 2. (1) First 
a single SHPB test is performed at a known impact velocity, using as specimen the material to be 
characterized. (2) The transmitted strain signal on the output bar is captured and its geometric moments 
(see section 3.2) are computed. (3) A finite element model simulation of the SHPB test is implemented. A 
set of trial material parameters is used to compute the elastic strains on the transmitted bar. Then, the 
geometric moments of the computed strain signal are calculated. (4) A genetic algorithm optimization 
(see section 3.3) procedure is implemented to minimize the difference between the geometric moments of 
the strain signal from the simulated SHBP test and the geometric moments of the strain signal from the 
experimental SHPB test. 
 
Figure 2. Computational procedure for the material characterization from a single SHPB test 
4.1. Finite element model of the SHPB test 
The finite element model of the SHPB test was implemented using the software ANSYS/LS-DYNA 
employing an explicit solution scheme. Given the axisymmetric nature of the problem, the event was 
modeled using explicit 2D structural solid elements with four nodes, six degrees of freedom per node and 
quadrilateral shape (PLANE162). The material model used for the specimen was the Cowper-Symonds 
material model described in previous sections. The bars and striker of the SHPB test were modeled as 
isotropic linear elastic solids with the properties of steel (E 205 MPa -  0.29 - U 7830 kg/m3). The impact 
surfaces were assumed frictionless. 
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4.2. Geometric moment computation 
Geometric moments (GM) are invariants used in image analysis to represent patterns contained in 
images. This approach, proposed by Hu [11] in 1962, consist in representing images by a set of its two-
dimensional moments with respect to a fixed coordinate system. This representation provides advantages 
when comparing two images. By consequence, if the strain signal s captured from the transmitted bar 
during the SHPB test can be described as a discrete function of time s(t), see Figure 1B, the GM of the 
strain signal can be computed by a summation as shown in equation (4). Where t is the time, s is the 
elastic strain at time t, and ǻt is the time increment between the measurements.  
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4.3. Genetic algorithm optimization 
Genetic Algorithms (GAs) are optimization and search techniques based on the mechanics of natural 
selection and genetics [12]. Its concept is derived from the Darwin's theory  of survival of the fittest in 
combination with a structured stochastic process [13]. The GAs differ from the traditional derivative 
optimization techniques because of the use of a group of candidate solutions (population) that evolves in 
every iteration (generation) by combining (reproducing) the fittest individuals. This attributes makes the 
GAs efficient and robust techniques to exploit large, non-linear and highly complex search spaces such as 
the one given by the error function proposed in (3). 
GAs consists of five basic operations, as shown in Figure 3. First, an initial population is generated 
randomly. Then the population evolves by means of five operators: evaluation, selection, crossover, 
mutation and elitism. The evaluation process determines the fitness of each individual and then through 
the selection process, couples of parents are chosen according to their fitness. The better the fitness, the 
higher the probability of being selected. During the crossover operation, new offspring are created by 
combining the parents previously selected. The mutation operator alters the new population by adding 
new random individuals to the population, preventing the locking the optimization process in local 
minima. The task of the elitism operator is to preserve the best individuals of the previous population in 
the new generation. The previous steps are repeated until a convergence criterion is reached. Usually the 
GAs use binary codification to represent the genes and a lot of time is consumed in decoding the values. 
Real-coded genetic algorithms overcome this limitation by using real number representation. In this 
optimization problem there are four genes or parameters for each individual given by z=[ı0, Etan, C, P].  
Initial Population
Evaluate Fitness Selection of Parents Crossover Mutation
Elitism
Check 
convergenceFinish
Create New Population
 
Figure 3. Basic genetic algorithm flow chart 
5. Numerical analysis 
To test the performance of the material characterization procedure, a numerical example of the 
characterization of aluminum alloy 5083 was performed. The numerical analysis was configured to 
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simulate a SHPB test using the set up parameters described in Table 1. The material constants used are 
shown in Table 2. The transmitted strain signal from this simulation, in terms of its geometrical moments, 
is used as the input parameter in the optimization process. The real coded genetic algorithm used in the 
optimization process was configured to use a population of 100 individuals and 100 generations. The 
selection operator used was the roulette wheel, in which the fittest individuals have better probability of 
being selected. For the crossover two operators were implemented: heuristic and arithmetic. The operator 
used to create each new offspring was selected randomly. The mutation operator used was uniform with 
probability of 80%.  
Table 1. SHPB set up parameters 
Impact vel. 
(v0) 
Specimen length 
(Ls) 
Specimen diam. 
(Ds) 
Bars length 
(Lb) 
Bars diameter 
(Db) 
Striker Length 
(Lk) 
Striker diam. 
(Dk) 
30 m/s 10 mm 3 mm 1400 mm 25.4 mm 150 mm 25.4 mm 
Table 2. Material constants for aluminum  alloy 5083 
Density 
Young 
Modulus 
Poisson 
ratio 
Yield 
Stress 
Tangent 
Modulus 
Strain rate 
parameter C 
Strain rate 
parameter P 
Failure 
Strain 
2660 kg/m3 70.0 GPa 0.33 190 MPa 567 MPa 6500 1/s 40 0.92 mm/mm 
6. Results 
The material characterization procedure was validated with a numerical example of the 
characterization of aluminum alloy 5083. Figure 4 shows the typical response of the parameters as the 
genetic algorithm evolves. These figures show the evolution of each estimated material constant, the 
objective material constant, and the search space limits. Additionally, the results of the material 
characterization are shown in Table 3 were the predictions of the material constants are below 5% percent 
of relative error. 
Table 3. Results of the material characterization process of aluminum alloy 5083 
Material constant Yield Stress Tangent Modulus Strain rate parameter C Strain rate parameter P 
Objective 190 MPa 567 MPa 6500 1/s 40 
Estimation 190.43 MPa 568.51 MPa 6325.44 1/s 38.22 
Error 0.23 % 0.27 % 2.69 % 4.44 % 
7. Conclusions 
A computational characterization procedure using a single SHPB test is proposed. This 
characterization procedure shows advantages in comparison with other techniques due to the 
simultaneous determination of the material parameters and the use of a single SHPB. This features make 
this method a very simple and reliable dynamic characterization technique. 
Numerical results of the characterization process showed that the algorithm is effective in determining 
the Cowper-Symonds material constants for the aluminum alloy 5083. More studies need to be conducted 
to evaluate the procedure with other materials and at different strain rates. 
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